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Abstract

Relation Extraction (RE) detects and classifies
semantic relationships between entities in
text, but strong performance typically requires
a sufficient quantity of high-quality labeled
training data. In practice, training data often
differs in distribution from real-world data,
creating a distribution gap that limits model
performance and makes increasing dataset
size and quality costly. Weak supervision
(including LLM-generated labels) offers
scalability but introduces label noise and may
exacerbate distribution mismatch. This project
implements ATLANTIS, an importance-
weighted weak-to-strong learning method
for supervised fine-tuning, and applies it to
sentence-level relation extraction. Across
encoder—decoder (Flan-T5) and decoder-only
(Qwen2) models on SemEval-2010 Task 8 and
CoNLL2004, importance weighting yields
small and setting-sensitive changes relative
to a standard supervised fine-tuning baseline,
while remaining compatible with both model
families. Code: https://github.com/
ttrangia/DSC253_Importance_Weighted_
Relation_Extraction

1 Introduction

Relation Extraction (RE) is the task of detecting
and classifying semantic relationships between en-
tities in text. In the sentence-level setting, the input
consists of a single sentence containing two marked
entity mentions, and the model predicts a relation
label describing the semantic interaction between
them. Sentence-level RE serves as a core com-
ponent of larger information extraction systems,
enabling structured knowledge construction and
downstream reasoning applications.
High-performing RE systems typically require
sufficiently large quantities of high-quality labeled
training data. However, expert annotation is ex-
pensive and scarce, especially in specialized do-
mains such as medicine or law. Even when labeled

datasets are available, their distribution may differ
from real-world data, creating a distribution gap
that limits model generalization. Simply increasing
dataset size is often costly and does not necessarily
resolve this mismatch.

Weak supervision offers a practical path toward
scalability. Large language models (LLMs) can
generate substantial volumes of pseudo-labeled
data at low cost, enabling rapid dataset expansion.
However, weak labels are frequently noisy and
may exhibit even larger distributional discrepancies
than manually curated data. Naively fine-tuning
on noisy labels can degrade performance rather
than improve it, raising a central question: how can
we leverage the scale of weak supervision while
mitigating its adverse effects?

ATLANTIS (Liu et al., 2025) proposes a weak-
to-strong learning framework that addresses distri-
bution mismatch in supervised fine-tuning through
importance weighting. Instead of treating all train-
ing examples equally, ATLANTIS adjusts the op-
timization direction using per-example influence
weights computed from the probability gap be-
tween a small base model, a reference model,
and a large base model. Originally evaluated in
instruction-tuning settings across broad knowledge
and preference benchmarks, ATLANTIS demon-
strates that distribution-aware reweighting can im-
prove model alignment and performance under
dataset mismatch.

In this work, we adapt ATLANTIS to sentence-
level relation extraction and investigate whether
importance-weighted fine-tuning can improve ro-
bustness under weak supervision. Specifically, we
examine both fully supervised settings and weakly
labeled scenarios in which controlled noise is in-
troduced into training labels. Our central hypoth-
esis is that importance weighting can reduce the
negative impact of noisy supervision by biasing
training toward examples that better align with a
reference-informed distribution, thereby narrowing
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the effective distribution gap.
Our contributions are as follows:

* We implement ATLANTIS-style importance
weighting from scratch and adapt it to
sentence-level relation extraction for both
encoder—decoder and decoder-only architec-
tures.

* We empirically evaluate the method on
SemEval-2010 Task 8 and CoNLL2004 under
both gold-labeled and weakly labeled training
settings.

* We analyze the extent to which importance-
weighted fine-tuning mitigates label noise rel-
ative to a standard supervised fine-tuning base-
line.

2 Background and Motivation

2.1 Supervised Fine-Tuning and the Optimal
Distribution

Supervised fine-tuning (SFT) aims to align a
model’s output distribution with a target data dis-
tribution. In the formulation presented by AT-
LANTIS (Liu et al., 2025), the ideal objective is
to minimize the divergence between the model dis-

tribution pg and an optimal real-world distribution
%
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Here, p* denotes an idealized distribution that
fully reflects real-world language patterns. In prac-
tice, training data are drawn from a finite empir-
ical distribution pg, which may differ from p*.
ATLANTIS argues that this mismatch constrains
model capacity and generalization when optimiz-
ing directly under py (Liu et al., 2025).

2.2 Importance Sampling Perspective

Because p* is not directly accessible and cannot
be sampled or evaluated explicitly, ATLANTIS re-
frames the objective using importance sampling.
Conceptually, importance sampling allows expec-
tations under a target distribution to be estimated
using samples from another distribution by apply-
ing a corrective ratio.

Rewriting the ideal objective under an accessible
reference distribution p, yields:
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The central difficulty is that the ratio i :8"3 is

incalculable, since p* itself is unknown (Liu et al.,
2025). Therefore, ATLANTIS focuses on estimat-

ing this ratio indirectly using model distributions.

2.3 Weak-to-Strong Proportionality
Assumption

ATLANTIS introduces a weak-to-strong propor-
tionality assumption relating a large base model
p{): , a small base model pf , and a reference distri-
bution p,. The key assumption is:

p*(lz)  prlyle)
. 3
PEl) ™ 5 (ule) ©
This implies:
p*(ylz)  pf(ylw)
. 4
pr(ola) = P (yle) @

Under this proportionality, the intractable impor-
tance ratio can be approximated using probabilities
from the large and small models (Liu et al., 2025).
The resulting framework adjusts optimization di-
rection during fine-tuning by assigning higher in-
fluence to examples whose probability shifts are
more informative.

2.4 Relevance to Weak Supervision in
Relation Extraction

In sentence-level relation extraction, weak super-
vision can be introduced through controlled label
noise or automatically generated labels. In such
cases, the empirical training distribution deviates
further from the ideal distribution due to incorrect
or noisy labels. This setting provides a natural
testbed for evaluating whether distribution-aware
weighting mechanisms can mitigate the impact of
noise.

Our work applies the ATLANTIS framework
to sentence-level relation classification to examine
whether importance-weighted optimization reduces
degradation under noisy supervision while main-
taining compatibility with standard fine-tuning pro-
cedures.

3 Related Work

Our work connects sentence-level relation extrac-
tion, weak supervision for information extrac-
tion, and weak-to-strong learning methods for fine-
tuning large language models.



3.1 Sentence-Level Relation Extraction

Sentence-level relation extraction (RE) is typically
formulated as multi-class classification over pre-
defined relation types given a sentence and two
marked entities. SemEval-2010 Task 8 (Hendrickx
etal., 2010) is a widely used benchmark defining 19
mutually exclusive semantic relations, and remains
a standard testbed for evaluating relation classifica-
tion systems. CoNLL2004 (Roth and Yih, 2004) is
another benchmark frequently used in joint entity
and relation extraction research and can be adapted
to sentence-level relation classification when entity
spans are provided. These datasets offer controlled
environments for studying learning behavior under
different supervision regimes.

Beyond sentence-level settings, document-level
benchmarks such as DocRED (Yao et al., 2019)
introduce cross-sentence reasoning challenges. Al-
though our work focuses on sentence-level RE,
these benchmarks motivate examining training
strategies that remain robust under distributional
variation.

3.2 Weak Supervision for Relation Extraction

Weak supervision has long been used to scale rela-
tion extraction beyond manually labeled datasets.
Distant supervision (Mintz et al., 2009) aligns text
with knowledge bases to heuristically generate re-
lation labels, but introduces systematic noise due
to imperfect alignment assumptions. More general
weak supervision frameworks such as Snorkel (Rat-
ner et al., 2017) treat labeling functions as noisy
sources and learn to aggregate them into probabilis-
tic training labels. These approaches highlight the
central trade-off between scale and label quality.

In recent years, large language models have been
used to generate pseudo-labels for downstream
tasks, including relation extraction, offering a flex-
ible alternative to rule-based distant supervision.
However, noisy labels from LLMs can degrade
supervised fine-tuning when treated uniformly, mo-
tivating training procedures that explicitly account
for example reliability.

3.3 LLMs and Instruction-Based Relation
Extraction

Large language models enable generative and
instruction-based formulations of relation extrac-
tion. Instead of training discriminative classifiers
over fixed label indices, models can be prompted to
produce relation labels directly as text. Instruction-

tuning paradigms (Wei et al., 2022; Ouyang et al.,
2022) have demonstrated strong generalization
across tasks, and similar prompting strategies have
been explored for information extraction. This
generative framing allows unified treatment across
encoder—decoder and decoder-only architectures
and aligns with our implementation design. Recent
work has studied LLM performance on informa-
tion extraction specifically, demonstrating the com-
petitiveness of few-shot and supervised finetuning
methods for such tasks (Wadhwa et al., 2023).

3.4 Weak-to-Strong Learning and Data
Selection

Weak-to-strong learning investigates whether
stronger models can benefit from weaker super-
vision signals. Burns et al. (Burns et al., 2023)
study weak-to-strong generalization and show that
strong models can sometimes learn from weaker su-
pervisory signals, but naive training may not fully
exploit this potential.

A related line of work focuses on data selec-
tion and filtering for instruction tuning. LESS
(Xia et al., 2024) estimates training data influence
through optimizer-aware signals to select subsets
of examples for targeted fine-tuning. Superfiltering
(Li et al., 2024) explores weak-to-strong data fil-
tering strategies for improving instruction tuning
efficiency. These approaches emphasize that not
all training examples contribute equally to model
improvement.

ATLANTIS (Liu et al., 2025) differs from data
selection methods by reweighting all training exam-
ples instead of discarding subsets. It introduces an
importance sampling framework that estimates per-
example influence weights using probability gaps
between small and large models. While originally
evaluated in instruction-tuning contexts, its formu-
lation is general and can be applied to structured
prediction tasks. Our work extends ATLANTIS to
sentence-level relation extraction under weak su-
pervision, evaluating whether importance-weighted
optimization improves robustness relative to stan-
dard supervised fine-tuning.

4 Methodology

We adapt ATLANTIS-style importance-weighted
supervised fine-tuning (Liu et al., 2025) to sentence-
level relation extraction (RE). This section de-
scribes the task formulation, baseline training ob-
jective, the computation of ATLANTIS influence



weights, and the weak supervision setup used in
our experiments.

4.1 Task Formulation

We formulate sentence-level RE as multi-class clas-
sification. Each instance consists of a sentence x
containing two marked entity mentions and a rela-
tion label y € R.

For SemEval-2010 Task 8, the original label
space contains 19 relation classes including Other.
In our experiments, we optionally collapse di-
rectional variants into 10 direction-agnostic rela-
tion types to reduce directional ambiguity. For
CoNLL2004, the label space contains 5 relation
types.

We treat RE as an instruction-style generation
task. Given a sentence with marked entities, the
model receives a prompt of the form:

“Classify the semantic relation between the
marked entities in this sentence: [sentence]”

The model generates the relation label as text.
Evaluation is performed using Macro-F1.

4.2 Baseline Supervised Fine-Tuning

The baseline objective follows standard supervised
fine-tuning (SFT). Given training distribution pg,
we minimize:

ﬁSFT(e) = _E(x,y)wpd 10%]90(21 ’ CC), (5)

where py denotes the model distribution over
relation labels.

We evaluate both encoder—decoder models (Flan-
T5) and decoder-only models (Qwen2). In both
cases, full fine-tuning is performed using the hyper-
parameters specified in our experimental setup.

4.3 ATLANTIS Importance Weighting

ATLANTIS introduces per-example influence

weights computed from three model distributions:
. pé: large base model (to be fine-tuned),

S

* p;y: small base model,

* p,: reference model.

Reference Model Instantiation. In our imple-
mentation, the reference distribution p, is instanti-
ated as a small model fine-tuned on the gold train-
ing split of the target relation extraction dataset. We

also evaluated using the corresponding instruction-
tuned checkpoint as the reference model. Empiri-
cally, both configurations produced nearly identical
influence weight distributions and downstream per-
formance. For consistency and reproducibility, we
report results using the instruction-tuned model as
Dr-

Following Algorithm 1 in ATLANTIS (Liu et al.,
2025), the weight for example (z;, y;) is:
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Weights are precomputed and cached prior to

fine-tuning. The large model is then trained using

a weighted cross-entropy objective:
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where B denotes a minibatch.

Probability Computation. Since relation labels
are produced as text, we compute example proba-
bilities using the conditional log-likelihood of the
correct label string given the input prompt. For
decoder-only models, this is obtained by summing
the token-level log-probabilities of the label to-
kens. For encoder—decoder models, probabilities
are computed under teacher forcing over the tar-
get sequence. In all cases, we use the total log-
likelihood of the label sequence without length
normalization.

Weight Normalization. To ensure stable opti-
mization, importance weights are normalized prior
to training so that their mean equals 1.0 across
the training set. When enabled, weight clipping
is applied before normalization to prevent extreme
values from dominating the loss.

4.4 Weak Supervision Setup

To simulate weak supervision, we introduce con-
trolled label noise into the SemEval training set
by replacing gold labels with incorrect labels at
rates between 20% and 50%. Let pg‘)ise denote the
resulting corrupted training distribution.

We compare:

« Standard SFT on pi°i*c.

* ATLANTIS-weighted SFT on pf°ise,

This setup allows us to evaluate whether impor-
tance weighting mitigates performance degradation
caused by noisy supervision.



4.5 Implementation Scope

Our implementation follows the three-model struc-
ture required by ATLANTIS and applies impor-
tance weighting to sentence-level relation classi-
fication only. We do not address document-level
relation extraction or end-to-end entity detection.

5 Experimental Setup
5.1 Datasets

We evaluate relation extraction performance on:

¢ SemEval-2010 Task 8 (gold labels):
Sentence-level classification of mutually
exclusive semantic relations with 8K training
and 2.7K test samples. Entity pairs are
tagged in the input. The dataset contains
19 relation classes (including “Other”),
direction-collapsed to 10.

SemEval-2010 Task 8 (weakly labeled): A
weakly labeled training set used to simulate
real-world use of weak supervision, with ad-
justable noise rates from 20-50% through ran-
dom correction. Labels were generated using
Qwen2-1.5B.

CoNLL2004: A joint NER+RE dataset with
922 training and 288 test samples and 5 re-
lation classes. The data includes entity posi-
tions and relation type/positions. We parse
the structured format into natural sentences
and split samples with multiple entity/relation
pairs into separate training instances.

5.2 Models

We evaluate:

¢ Flan-T5 (encoder—decoder): small (77M) and
base (220M).

* Qwen2 (decoder-only): 0.5B and 1.5B; and
1.5B and 7B configurations. These match the
models used in the original ATLANTIS paper.

5.3 Training Details

Flan-TS. We use full fine-tuning with 8 epochs,
learning rate 3 x 10~4, and batch size 32.

Qwen2. We use full fine-tuning with 3 epochs
and learning rate 2 x 1075, For the 0.5B/1.5B
configuration, we use batch size 8 with gradient
accumulation 2. For the 1.5B/7B configuration, we
use batch size 1 with gradient accumulation 16.

Model Setting SFT  ATLANTIS
Flan-T5 SemEval (gold) 0.849 0.854
Qwen2-1.5B  SemEval (gold) 0.850 0.853
Qwen2-7B SemEval (gold) 0.885 0.877

Table 1: Macro-F1 on SemEval-2010 Task 8 (gold la-
bels).
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Figure 1: Learning curves for Flan-T5 on SemEval (gold
labels)

Evaluation Metric. We report Macro-F1 as
shown in the project results for each test set.

6 Results
6.1 SemkEval-2010 Task 8 (Gold)

Table 1 summarizes Macro-F1 results on gold-
labeled SemEval. Figure 1 shows the Macro-F1
and training loss over each epoch for Flan-T5 in
this setting.

6.2 CoNLL2004

Table 2 summarizes Macro-F1 results on
CoNLL2004. Figure 2 and Figure 3 show the
learning curves for Qwen2-1.5B and Qwen2-7B
respectively in this setting.

6.3 SemkEval-2010 Task 8 (Weakly Labeled;
20% Noise)

We also evaluate Qwen2-1.5B on a weakly labeled
SemEval training set with 20% noise. Table 3 re-
ports Macro-F1.

6.4 Takeaways

Across the evaluated settings, ATLANTIS-style
importance weighting is compatible with both

Macro-F1 by Epoch Training Loss

0.96 175 —& SFT
— = amianms
0.94 150
092 125
- 050 2 100
£ 0se
o7

086

050
08

o ST 025

082 —o— ATLANTIS

0.00 —

100 125 150 175 200 225 250 275 3.00 100 125 150 175 200 225 250 275 300
Epoch Epoch

Figure 2:
CoNLL2004

Learning curves for Qwen2-1.5B on



Model SFT  ATLANTIS
Qwen2-1.5B  0.947 0.966
Qwen2-7B 0.982 0.982

Table 2: Macro-F1 on CoNLL2004.
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Figure 3: Learning curves for Qwen2-7B on

CoNLL2004

encoder—decoder and decoder-only fine-tuning for
relation extraction. The effect on finetuned perfor-
mance appears to be small and sensitive to exper-
imental settings, such as epochs trained, learning
rate, and noise rate. From inspecting the learning
curves, we see similar patterns across epochs, with
only small deviations in Macro-F1.

Overall, the results suggest that while impor-
tance weighting may be useful for improving fine-
tuning on noisy datasets, it does not achieve the
same improvements as the original paper. We
discuss potential causes of this in the limitations
section. Standard supervised fine-tuning remains
competitive where clean data is available, however
methods that can improve zero/few-shot relation
extraction methods remain desirable.

7 Limitations

Setting mismatch. ATLANTIS was originally
designed for general instruction tuning with official
instruction-tuned models as reference and evalua-
tion on mixed benchmarks, whereas we apply it to a
narrower task with a small fine-tuning dataset. This
may explain why the performance gains were not
realized, as the original tasks had more variance
and potential for improvement than our relation
extraction task.

Pipeline scope. Datasets are evaluated on anno-
tated entity pairs only, bypassing the entity detec-
tion component of full RE pipelines and inflating
absolute F1 relative to expected end-to-end set-
tings.

Lack of SOTA comparisons. We compare rela-
tive improvements against an SFT baseline but do
not measure absolute state-of-the-art performance;

ATLANTIS
0.824

SFT (uniform)
0.809

Setting

SemEval weakly labeled
(20% noise)

Table 3: Macro-F1 on SemEval-2010 Task 8 with weak
labels (20% noise).

the approach could be combined with other meth-
ods (e.g., data selection) for a more realistic end-
to-end model.

8 Future Work

Our findings open several promising directions for
future investigation. First, broader empirical eval-
uation across diverse benchmarks including ADE,
TACRED, and NYT, as well as cross-domain set-
tings, would test whether importance weighting
generalizes beyond the datasets we examined.

Second, systematic ablation studies varying
noise rates, model size pairs, weight clipping
thresholds, and reference model choices would clar-
ify the conditions under which weighting provides
measurable benefit.

Third, extending the framework to document
level relation extraction on Re-DocRED would test
its applicability to cross sentence reasoning tasks,
while multi task information extraction would re-
quire developing joint weighting strategies for mod-
els performing both entity and relation extraction.

Finally, moving from controlled noise to realisti-
cally weak supervision such as LLM generated
labels with systematic errors or distantly super-
vised data would provide stronger evidence for the
method’s utility in practical settings where training
data is inherently noisy and imperfect.
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A Appendix: Prompts and Data
Formatting

We use an instruction-style prompt for relation clas-
sification:

“Classify the semantic relation between the entities
[entity 1] and [entity 2] in this sentence: ..."

For CoNLL2004, we parse structured dictionaries
into natural sentences and split samples with multi-
ple entity/relation pairs into separate instances.
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